In this study, we used a combined stochastic process and value-at-risk (VaR) method to examine an electronic commerce expansion decision. By modeling uncertain benefits as a stochastic process, maximum losses of alternative decisions were quantified and compared to help managers to make information system/information technology (IS/IT) project decisions. Our results, based on the maximum loss perspective, demonstrated that uncertainty plays a critical role in evaluating IS/IT projects. More importantly, the results illustrate that VaR serves as a useful tool in decision-making for managers to quantify the value of maximum possible loss and to help them reach decisions.
Introduction
Information technology (IT) is a course of action that collects, stores, processes, and transmits data [1] . The term "information technology" appeared in 1958 when Leavitt and Whisler [2] proclaimed that "new technology does not yet have a single established name". Later, Mehrotra [3] referred to this term as IT. Numerous studies have attempted to link organizations' investments in IT with overall competitive advantage in the pursuit of superior performance [4] , and the results demonstrate that IT investments are one of the most critical managerial issues for organizations. Given the importance of IT investments, managers are keen to justify large IT expenses and to oversee one of the most risky decisions for organizations [5] . Value at risk (VaR), which originated from the insurance and banking field and stresses the maximum possible loss under uncertainty, has gained an increasing amount of attention in recent years from academics and practitioners such as the Basel Capital Accord for managing uncertainty in the banking industry. Despite its popularity in its original fields, the application of VaR in the information system (IS)/IT field is scarce. How to use VaR in IS/IT is still a new and untouched area.
In this study, we aimed to close the gap. We examined how to apply VaR for IS/IT investments and used real-world cases. In particular, we addressed the following questions:
(1) How can one design a formal evaluation framework for future studies and for practitioners to apply VaR in the IS/IT field? (2) Does the concept of "minimizing benefits at risk" behind VaR provide different results than the concept of "maximizing fluctuating benefits" behind real options?
Leveraging the two fields can support academics and practitioners alike. For academics, IS/IT appraisal has always been important and including VaR in IS/IT can shed light on this topic. For practitioners, knowing how to use different perspectives to re-examine maximum loss under uncertainty can support top managers and help organizations improve appraisal decisions for the successful introduction of new technologies and, thus, gain competitiveness.
Literature Review
The IS/IT field has shown considerable interest in IT investment evaluation. Cost-benefit analysis is the main approach to justify difficult decisions [6] [7] [8] [9] [10] [11] [12] [13] . However, traditional cost-benefit analysis such as the net present value (NPV) assumes static benefits and uses a pinpoint forecast over the project time, which is difficult for more complicated processes because they involve greater uncertainty [14, 15] .
However, researchers are increasingly discussing the importance of uncertainty for IS/IT investments. Real options consider uncertainty and have thus been applied to the IS/IT discipline. For example, Dos Santos [16] considered the value of future uncertainties to propose an option pricing model to determine the value of new technology investments. Benaroch and Kauffman [17] applied the Black-Scholes option pricing model to evaluate an e-bank investment. Kumar [18] demonstrated that the real options approach can be applied to IT investments using an Internet sales channel context. Real options can also evaluate Enterprise Resource Planning (ERP) investments. Taudes et al. [19] used a closed-form real options formula to examine the value of future opportunities for follow-on projects, such as e-commerce opportunities enabled by initial ERP investments. The estimated value based on real options evaluation is more realistic than the value based on conventional NPV estimates. Svavarsson [20] assessed the risk of IT investments and Wu et al. [21] used a real options approach to discuss uncertainties in ERP implementations. Lee et al. [22] found that real options are particularly valuable for information technology investments and can capture value that would be overlooked. In their view, rapidly advancing IT means that IT projects inherently contain high technical uncertainty as well as market uncertainty. In addition, high initial investments are often irreversible, making real options appropriate for IT investments. Park et al. [23] investigated real options thinking in a case regarding a decision to employ Radio Frequency Identification (RFID) technology, in which the technological uncertainty itself was considered the most critical issue in the investment decision. Benaroch [24] reported a real options decision-making process using the concept of real options for cybersecurity investment.
The real options theory stresses fluctuations of benefits, while VaR focuses on quantifying the maximum possible loss under uncertainty. VaR derives from the increasing regulatory demand for quantitative risk management tools due to the Asian financial market crash of 1987 and the disastrous losses from the derivatives trading of institutions, such as Lehman Brothers Holdings, Inc.; American International Group, Inc. (AIG); Merrill Lynch; and Long-Term Capital Management Funds. The VaR emerged as the most prominent measure of downside market risk [25, 26] quantifying an upper bound on maximum losses that exceeds the VaR, which is the threshold with a target probability. Few IS/IT studies have discussed the significance of VaR for IS/IT evaluations. For example, Han et al. [27] , as well as Benaroch et al. [28] , described the decline of IS/IT investment value over a given period of time with a given probability as a result of uncertainty. Thus, defining the maximum possible loss can manage risks in a monetary way and control IS/IT projects at acceptable risk levels. Fielder et al. [29] discussed cybersecurity investment methodologies with the aim of maximizing the expected benefit from information security investment. In the formation of their research framework, the concept of VaR and maximum organizational loss was implicitly introduced.
Despite the comprehensive VaR concept, few studies have applied VaR in the IS/IT discipline because, unlike finance goods such as stock prices, IS/IT investment parameters cannot be directly obtained in public markets. Thus, simulation techniques must be employed to examine possible IS/IT benefits under uncertainty. Simulated benefits represent a financial time series. Therefore, the use of VaR inevitably involves additional mathematics tools, which can be complex for practitioners.
For the background, we developed an analytical uncertainty model based on well-proven finance mathematics. The model provides an easy yet insightful way for managers to understand IS/IT values.
The next section elaborates the use of VaR and explains how the proposed model quantifies IS/IT processes under uncertainty.
The Electronic Commerce Decision
Here, we demonstrate a real-world case to illustrate our proposed method. The Yankee 24 shared electronic banking network of New England was making a decision regarding the deployment of electronic commerce services. Table 1 shows the raw data of the case [17] . The data included year and month, number of transactions, operational revenues, operational costs, and investment cost, which are the foundation for passive NPV analysis. Facing uncertainty such as technology, organizational readiness, and competition, the timing of deploying the electronic commerce services was the main concern of the bank. Here, we demonstrate how future benefits under uncertainty can be derived based on the proposed method.
In the first step, we modeled the uncertainty pattern reported in the bank expansion case. The value driver of the case, namely, the prediction of future operational revenues, demonstrated a clear exponential growth pattern (Figures 1 and 2 ) and consisted of nonstationary data. Adopting the time series technique can log-transform the data into a nonstationary time series ( Figure 3 ). We applied the time series approaches proposed by Tsay [30] to log-transform the exponential growth pattern to stationary data, since nonstationary data cannot be processed directly. 
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By applying the transform function, Formula (1) can deal with the nonstationary form of the prediction of future operational revenues after log-transformation (Table 2) :
(1) We followed the classical finance mathematics proposed by Dixit and Pindyck [31] to model the uncertainty. Under exponential growth of future operational revenues, geometric Brownian motion describes uncertainty after transformation to a stationary time series. We used geometric Brownian motion to model the uncertainty process, where uncertainty is divided into very small time slots (i.e., ∆t). In addition, the movement of the revenues was derived as:
where S is the value of the revenues, which increases exponentially over time. Therefore, the small movement in each small time slot ∆t is defined as follows:
where dW t = ε √ dt. The geometric Brownian motion processes the property of:
Var
where u is the drifting rate, and s 2 is the variance.
Formula (3) indicates that the uncertain movement in each small time slot ∆t consists of two parts. The first one is the drift rate u, and the variance affects the second one. Solving this formula requires Ito's lemma because it is a stochastic process. The closed-form solution derived from Formula (3) is:
Formula (6) is the analytical solution derived by modeling the uncertainty as the geometric Brownian motion and was used for the simulation of revenues under uncertainty in this electronic commerce decision case.
Future uncertain benefits were simulated based on the model set in the previous step. The historical simulation method was used. We simulated future possible benefits using 10,000 Monte Carlo simulations for each period. Time complexity increased exponentially with the number of small time slots ∆t. The fewer the time slots ∆t, the quicker the simulation results were generated, but the standard deviation of the simulated results increased. Partial Monte Carlo simulation results for the July 1988 period demonstrated the pinpoint forecast used in traditional cost-benefit analysis with 1000 uncertainty paths to value uncertainty and VaR for benefits ( Figure 4 ). The simulation techniques obtained value paths for the case values. With an initial value at time t = 0, the shadow varied over the whole project time ( Figure 5 ). Different paths represent the possible value path subject to uncertainties that cannot be predicted at the initial evaluation stage. Monte Carlo simulations generated the possible paths. The shadow area in Figure 5 illustrates unfavorable possible paths of the case value. VaR is formally defined as follows: for a given time horizon t and confidence level p, the VaR of a project is the loss in value over the time horizon t that is exceeded with probability 1 − p [32] .
The possible tail of losses (i.e., the VaR level in Figure 5 ) represents the VaR value at a 95% confidence level. 
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The confidence level was set and the VaR measure was computed. Comparing the VaR at each period can examine the profile of the electronic commerce decision with additional risk exposure information. Furthermore, optimal timing can be decided. The results from traditional pinpoint cost-benefit analysis and VaR analysis differed. In Table 3 , the traditional cost-benefit analysis on the left-hand side has a pinpoint value. In column four of Table 3 , the two numbers represent the maximum and minimum of the revenues. Even a sensitivity analysis considering 50% upper and lower fluctuations of the pinpoint value does not consider dynamic uncertainty. For example, the pinpoint value of benefits for July 1990 was fixed and was within $15,163-$45,489 without considering uncertainty. However, including uncertainty using geometric Brownian motion yielded max benefits during July 1990 of as much as $36,207 and, in the worst scenario, as little as $23,638 under a 60% confidence level.
To compare the effect of different confidence levels on the VaR analysis, five different confidence levels ranging from 60% to 99% were designed. The figures revealed that the greater the confidence level, the more critical the role of uncertainty became in bank expansion decisions. In column five of Table 3 , the two numbers represent the maximum and minimum of the interval at a 60% confidence level. When the confidence level increased from 60% to 99%, the differences between these extremes increased. In an extreme scenario, maximum possible benefits can be up to 24 times higher than the pinpoint forecast (Table 4 ) and as little as 26% of management estimates under a 1-99% confidence level and 50% benefits uncertainty setting. Therefore, VaR reveals long-missing key information in IS/IT decision-making, such as the risk.
To facilitate management, the monetary term was used to demonstrate the cost and importance of risk. Table 4 summarizes bank expansion with regard to maximum possible loss under a 1 − α% confidence level. For the 60% confidence level, an extreme loss can be as high as $172,465, much greater than the $76,766 the management estimated. Under 1-99% confidence, extreme but still possible, VaR reported huge loss information (Table 4) , which stresses the importance of extreme cases for organizations to improve risk management.
To examine the benefits of uncertainty for banking expansion decisions, three different variance levels for benefits (i.e., 50%, 75%, and 100%) were used (Table A1 in Appendix A and Table A2 in Appendix B). Furthermore, it was of interest to examine how VaR can be used to assess the optimal decision period of the bank expansion decision. VaR derives from future uncertainty and becomes smaller with clearer information, that is, the later the deployment decision, the smaller the VaR. However, from an investment opportunity perspective, first-mover advantage for market shares is smaller when the longer investment decisions are delayed. Table 5 demonstrates and Figure 6 depicts the opportunity cost and VaR over the project life (60% confidence level and 50% benefit uncertainty). Adding the two functions resulted in a tradeoff (Figures 7 and 8) . Two tradeoff facts explain the U-shaped loss function. An early deployment of the e-commerce service can lead to first-mover advantage but bears huge uncertainty. The combined maximum value of the loss function over the project life illustrates the optimal timing for deploying e-commerce technology in terms of possible loss (Figures 7 and 8 ). Adding the two functions resulted in a tradeoff (Figures 7 and 8) . Two tradeoff facts explain the U-shaped loss function. An early deployment of the e-commerce service can lead to first-mover advantage but bears huge uncertainty. The combined maximum value of the loss function over the project life illustrates the optimal timing for deploying e-commerce technology in terms of possible loss (Figures 7 and 8) . To avoid risk and possible harmful outcomes from uncertainty, Table 6 lists optimal timing. With a 60% confidence level and 75% benefit variance, the optimal timing for the POS debit service decision was January 1989. When the confidence level was 99%, July 1989 was the optimal timing for the decision. The benefit uncertainty and the confidence level of the VaR both influenced optimal timing (Figures 7 and 8) . Increasing the confidence level of VaR increased the left side of the U shape and shifted the optimal timing to the right. Too early entries into markets would bear too much uncertainty because uncertain demands resolve over time, and potential failures can represent costs to Yankee 24. However, Yankee 24 may not enjoy market shares when entering too late. Our analysis suggests that July 1989 was the optimal timing for the e-commerce service for the Yankee 24 shared To avoid risk and possible harmful outcomes from uncertainty, Table 6 lists optimal timing. With a 60% confidence level and 75% benefit variance, the optimal timing for the POS debit service decision was January 1989. When the confidence level was 99%, July 1989 was the optimal timing for the decision. The benefit uncertainty and the confidence level of the VaR both influenced optimal timing (Figures 7 and 8) . Increasing the confidence level of VaR increased the left side of the U shape and shifted the optimal timing to the right. Too early entries into markets would bear too much uncertainty because uncertain demands resolve over time, and potential failures can represent costs to Yankee 24. However, Yankee 24 may not enjoy market shares when entering too late. Our analysis suggests that July 1989 was the optimal timing for the e-commerce service for the Yankee 24 shared To avoid risk and possible harmful outcomes from uncertainty, Table 6 lists optimal timing. With a 60% confidence level and 75% benefit variance, the optimal timing for the POS debit service decision was January 1989. When the confidence level was 99%, July 1989 was the optimal timing for the decision. The benefit uncertainty and the confidence level of the VaR both influenced optimal timing (Figures 7 and 8) . Increasing the confidence level of VaR increased the left side of the U shape and shifted the optimal timing to the right. Too early entries into markets would bear too much uncertainty because uncertain demands resolve over time, and potential failures can represent costs to Yankee 24. However, Yankee 24 may not enjoy market shares when entering too late. Our analysis suggests that July 1989 was the optimal timing for the e-commerce service for the Yankee 24 shared electronic banking network of New England, which is very similar to results from the literature [17] , which suggested January 1990. Figure 6 demonstrates the similarity of the two results. Even though different approaches were used, our results were validated by the timing suggestion reported in the literature because the bottom of the U-shaped function fell approximately on July 1989 and January 1990.
Conclusions and Implications
In the present study, we employed the VaR in a real-world case of the Yankee 24 bank e-commerce service expansion decision. A normative framework illustrated how VaR can be applied to different disciplines. Using interdisciplinary tools such as geometric Brownian motion modeling, time series analysis, and Monte Carlo simulations demonstrated that VaR is a promising developing tool in the insurance and banking industry and can shed light on the IS/IT field.
This study contributes to academic research in three ways. First, the proposed framework is original and provides insights that contribute to the IS/IT literature. Second, the use of VaR can support IS/IT evaluation, which is important for appraising expenses. Third, a real-world case was revisited based on avoiding maximum loss. The concept of seeking "maximum benefits" has long been used in the IS/IT discipline, and our results have been validated.
The study is also interesting for practitioners because a normative framework was used for a real-world case and can be directly applied to projects. The results also stress risk as a cost and support practitioners in re-examining the role of risk inherent to IS/IT projects. Furthermore, evaluating IS/IT projects is increasingly important for managers and this study provides a reference case.
This study used a geometric Brownian motion model, and how this model is robust to the violation of its assumptions can be further studied. One possible extension of this work is to use alternative processes such as extreme value regression models [33] that can be applied when the assumptions are violated. It would also be interesting to study how to combine information from different sources [34, 35] . Moreover, the back-testing method [35] is interesting for future studies. The in-sample calculated VaR could be compared with the out-of-sample values to generate a predictive accuracy measure. One limitation of this study is that, unlike time series data for financial assets, data for IT investments are limited and evaluating the goodness of the risk estimation still needs to be further explored by researchers. Several approaches can improve this study. First, because the quality of the VaR depends on how the uncertainty model fits the case property, future studies can use different models to describe uncertainty that map different IS/IT project properties. Second, further research could generate longitudinal data for evaluation and exploration of the results. 
Appendix A. Supplementary Data (Variance = 75%)

